Wind power is a kind of clean energy promising significant social and environmental benefits, and in The Peoples Republic of China, the government supports and encourages the development of wind power as one element in a shift to renewable energy. In recent years however, maritime safety issues have arisen during offshore wind power construction and attendant production processes associated with the rapid promotion and development of offshore wind farms. Therefore, it is necessary to carry out risk assessment for phases in the life cycle of offshore wind farms. This paper reports on a risk assessment model based on a Dynamic Bayesian network that performs offshore wind farms maritime risk assessment. The advantage of this approach is the way in which a Bayesian model expresses uncertainty. Furthermore, such models permit simulations and reenactment of accidents in a virtual environment. There were several goals in this research. Offshore wind power project risk identification and evaluation theories and methods were explored to identify the sources of risk during different phases of the offshore wind farm life cycle. Based on this foundation, a dynamic Bayesian network model with Genie was established, and evaluated, in terms of its effectiveness for analysis of risk during different phases of the offshore wind farm life cycle. Research results show that a dynamic Bayesian network method can perform risk assessments effectively and flexibly, responding to the actual context of offshore wind power construction. Historical data and almost real-time information are combined to analyze the risk of the construction of offshore wind power. Our results inform a discussion of security and risk mitigation measures that when implemented, could improve safety. This work has value as a reference and guide for the safe development of offshore wind power.
Introduction
Offshore wind power risks refer to risks posed by harsh environments at sea, generator set equipment failure, structural failure, management organization and socio-political issues. The characteristics of offshore wind power risk are as follows: the objective existence and ubiquity of risk, the uncertainty and predictability of risk, the variety of risk, the change of risk with force majeure, the natural risk is obviously higher, and the correlation between risk factors is larger.
The stage of offshore wind power risk is apparent.
Bayesian network, also known as reliability network, is an extension of Bayesian method. It is one of the most effective theoretical models in the field of uncertain knowledge expression and reasoning. After being put forward by Pearl in 1988, it has become a research hotspot in recent years. A Bayesian network is a Directed Acyclic Graph (DAG) consisting of representative variable nodes and connected directed nodes. The nodes represent random variables. The directed edges between nodes represent the mutual relationships between nodes (pointed by the parent node to its child nodes). The conditional probability is used to express the strength of the relationship. No parent node uses the prior probability to express information. The node variable can be abstraction of any problem, such as test value, observation phenomenon, opinion inquiry, etc. Events that apply to the expression and analysis of uncertainties and probabilities are applied to decisions that are conditionally dependent on a variety of control factors and can be reasoned from incomplete, inaccurate, or uncertain knowledge or information.
Bayesian networks, especially dynamic Bayesian networks, take account of changes occurring over the life cycle phases of offshore wind farms, based on a large number of training sets and accident reports, and to some extent, reduce of the influence human subjective factors, making assessment results are more reliable and objective. Dynamic Bayesian network also has the time characteristics, to ensure continuity in the reasoning process before and after, so that the whole reasoning method looks more in line with the development of objective things.
Dynamic Bayesian network can automatically retain the information when it is input, which can well combine the past data and the current evidence information, keep the time accumulation of the information storage, effectively reduce the uncertainty of the information fusion inference and improve the accuracy of information fusion.
GeNIe is supporting software developed by the University of Pittsburgh Decision Systems Laboratory. Using GeNIe could compute traditional influence diagram utility, and find the optimal strategy. GeNIe is implemented by Visual C++ and uses MFC (Microsoft Foundation Classes) for visualization. Because it runs on today's most popular computing platform: Windows operating systems, it makes it very simple and convenient. As long as it is within the limits of computer memory, GeNIe allows the creation of models of any size and any complexity [1] . and analyze the assessment results, so as to put forward requirements and suggestions on safety protection in various aspects, so as to improve the construction and production of offshore wind farms security capabilities.
Section 2 of this paper introduces research related to dynamic Bayesian networks and offshore wind power safety. Section 3 discusses a novel dynamic Bayesian risk assessment model for phases in the offshore wind farm life cycle, and Section 4 discusses offshore wind power risk assessment strategies during each phase, the final section draws conclusions and presents directions for future research.
Related Works
I divide the related work into two categories: Bayesian Network and offshore wind farm. I have summed up the relevant work of the Bayesian network as follows:
The mechanism of how to determine the missing data type was discussed based on the analysis of some data samples lost in the control system. Zhu,
Zhang [2] used the method of dynamic Bayesian network to model the general fault prediction problems in the control system and deal with the real-time fault prediction problems of nonlinear systems with missing data. The results show that although the data sample is noisy and partially missing, combined with the effective processing of missing data, dynamic Bayesian network can effectively predict the system fault.
Thompson [3] considered that dynamic Bayesian networks can effectively model and infer many dynamic systems. However, most of its reasoning algorithms involve complex graphic transformations, which are difficult to program and time-consuming. Therefore, they put forward a new recursive reasoning algorithm, which is a pure numerical method to deduce discrete model on-line and Off-line based on probability theory and Bayesian network characteristics.
Yu, Ying [4] applied the Bayesian network analysis method to the evaluation of battlefield situation, and the effectiveness of Bayesian network analysis method was proved by the reasoning of actual battlefield events and the evaluation of naval battlefield situation.
Chen, Wang, Rao [5] analyzed the applicability of Bayesian network analysis method. He Uses the method of David Chickering to combine the novel criterion, Variable ordering and equivalent class and combines the genetic algorithm and greedy algorithm in Bayesian network, proved the practicability of this method by simulation.
In addition, I have summed up the relevant work of the offshore wind farm as follows:
Aghaebrahimi, Mehdizadeh [6] Network is built on the basis of probability theory, in which the multiplication formula, Bayes' formula, the chain rule, conditional probability, total probability, etc. are often used in the theoretical system of Bayesian networks.
2) Bayesian networks
In a complete Bayesian network, the nodes in the network are used to replace the variables in the actual model. A directed arc is used to represent the relationship among variables. The direction of the directed arc is from the cause to the result node. A Bayesian network is actually a set of directed acyclic graphs and related parameters (Daly, R, Shen, Q, Aitken, S, 2011). The composition includes: a) In the network structure, an acyclic graph that is connected by directed arcs to represent the structure of the model; b) In the parameter setting, each variable has its corresponding conditional probability table, which is used to express dependencies between variables.
Thus, Let X denote each node variable in the network and Pa denote the parent node set corresponding to a certain node X in the model. Then, the joint probability of all the variables in the model is expressed as formula (1):
Let us construct a simple Bayesian network as shown in Figure 1 , where A is 3) The determination of Bayesian network parameters
Considering the sources of risk in a hypothetical scenario of a rotor-blade accident, we set the two states of network node as occurrence/non-occurrence (logically true/false) with two states; "0" and "1". To determine the parameters of a Bayesian network for accident risk assessment, we use historical, rotor-blade accident data reported in a reference (WIND TURBINE ACCIDENT AND INCIDENT COMPILATION). We evaluated the prior information of each likely risk source to determine the parameters for each node in the network.
At the same time, in order to obtain the posterior probability in the Bayesian network, a large number of Conditional Probability Tables (CPTs) in the network must be determined in advance. To determine the conditional probability table is the basis for the next step of Bias network inference. This research uses accident reports as the sample data, combining expert experience to generate conditional probability tables that correspond to each node of the network. In order to ensure that the conditional probability values for each node are more close to the actual situation, based on the statistical analysis of the data, using a Bayesian expectation estimation method; At the same time, combined with the results of the expert questionnaire survey, the two parties are weighted to determine the condition probability. The formulation of a node conditional probability table, is based on the reality of the fan accident made statistical analysis, in which each sample the result of the accident will cause the fan accident broke out, which makes the research of objectivity and authenticity, so the phenomenon that the probability of risk become larger will occur when probabilistic inference. Figure 2 has a probability dependency that varies with time
Dynamic Bayesian Network
Consider the conditional probability between O t and C t : Between moments t − 1 and t, the state of the variable set C t shifts, so the transition probability of the variable set X t is:
A dynamic Bayesian network can not only model the dependence of features corresponding to variables, but also the temporal relationship between the features, and the probability dependency among the variables through the network topology and changes over time. Thus, it is suitable for the modeling of complex characteristics of offshore wind power generation that are both feature-dependent and time-dependent.
GeNIe Tools
GeNIe was designed by the University of Pittsburgh Decision Systems Laboratory. It is software used to build theoretical models for graphical decision-making. The GeNIe interface is an easy and powerful way to build Bayesian network models, widely used in project research and commercial applications.
This software eliminates the computational complexity for researchers and simplifies the work steps, supporting the work of academics using Bayesian networks to study uncertainty across many domains.
Life Cycle Phases of Offshore Wind Farms for Risk Assessment
Comprehensive risk assessment of offshore wind farms involves analysis and assessment of various types of uncertain factors from the design phase through operations, but especially during the future operation phase. Marine risk identification is the first step in the risk assessment. The various factors that affect offshore wind power must be analyzed to determine the types of risks and the factors influencing safe operations. The proposed Bayesian network for risk assessment method for offshore wind farms targets four life cycle phases: the planning phase, construction phase, operation and maintenance phase, and disposal 
Construction of Dynamic Bayesian Networks for Risk Assessment of Offshore Wind Farms
The establishment of a general dynamic Bayesian network model is rather complicated. Before establishing a model, it is necessary to make assumptions and simplifications. In this paper, we make the following assumptions about dynamic Bayesian networks:
Hypothesis 1: Within a finite time, change in the conditional probability for all t is stable and consistent;
Hypothesis 2: The process of dynamic probability can be described as a Markov chain. The probability of occurrence of future events is stochastic, having nothing to do with past events, but only with the current moment;
Hypothesis 3: Conditional probability processes remain stable at adjacent times, that is, probability and time have no relation.
Construction of Planning Phase in Bayesian Network
In this paper, the methods of historical data analysis, brainstorming, and expert judgment combined with the Delphi method are used to identify potential risks.
According to the expert questionnaire survey, it is determined that the risk factors of offshore wind power construction and production in the planning phase are as follows: 1) the site selection criteria; 2) the distance between factors waterway, navigation route and anchorage; 3) site selection and planning compliance; 4) submarine cable routing arrangement; 5) seabed and geological exploration; 6) ocean hydrological meteorological conditions assessment. Each category also contains a number of risk factors. The Bayesian network model of risk assessment in this phase is shown in Figure 3. 
Establishing the Construction Phase in a Bayesian Network
According to historical accident data and expert questionnaire survey, the risk factors of offshore wind power in construction and production construction phase are determined as Table 1 .
Construction of Operation and Maintenance Phase in Bayesian Network
According to historical accident data and expert questionnaire survey, the risk factors of offshore wind power construction and production operation and maintenance phases are determined as Table 2 .
Construction of Disposal Phase in Bayesian Network
According to the historical accident data and expert questionnaire survey, the risk factors of offshore wind farms during the abandonment phase are determined as Table 3 . Conditional probability table can obtain all node parameters except the base node.
The parameters of the basic nodes in the four phases are generally obtained from the data. When there is no relevant data for reference, it is necessary to utilize 2057 wind farm accidents collected at home and abroad for nearly 30 years (582 of which are in construction phase and 1328 in operation and maintenance phase, 147 in disposal phase) and the form of expert judgment to determine the node parameters. The frequency of occurrence of the risk factor in an accident is the probability of occurrence of the node.
According to the above methods, the node parameters of the risk factors of the construction phase, operation and maintenance phase and disposal phase of the base node can be determined. Since no traffic accident occurs in the planning phase, the node parameters of the base node are determined by expert judgment. Node parameters as shown in Table 4 .
Determination of Bayesian Conditional Probability
In Bayesian networks, the Bayesian conditional probability table is the link between the reaction nodes and the nodes. When the state of a node cannot be known, the probability of the basic node can be determined by hydrological, meteorological data and the prior probability, while the intermediate node and the top node need to be determined by the conditional probability table.
Conditional probability table to obtain generally two ways, one is to use a large number of accident data to learn from Bayesian network ,then get the conditional probability table; the other is to use the expert questionnaire to obtain the conditional probability table. After verifying the reliability of the conditional probability table obtained from the expert questionnaire, the paper will use historical accident data to optimize it and verify the effectiveness of the optimization.
This article collected a total of 2057 records of accidents (WIND TURBINE ACCIDENT AND INCIDENT COMPILATION), after a detailed analysis of the accident process, the nodes in the Bayesian network, which are at risk of sunk failure as reflected in the accident process, are counted. Considering that there are some not-so-reasonable parts of the conditional probability table based solely on historical accident data, which is due to failure to obtain the complete cause of the accident from the accidental data, resulting in missing base nodes in the Bayesian network and the middle node affects the accuracy of the conditional probability table. Based on the experience of a large number of experts in the field, it is very important to optimize and perfect the conditional probability table to make up for the possible error caused by the data learning of simple accident.
In order to make expertise more reliable, we need not only to collect expert opinions as much as possible, but also to ensure that the experts surveyed are with good knowledge and rich experience in the field of shipping industry. The experts in this research include a Professor and Doctor in the field of shipping 150 questionnaires were distributed, 145 were collected, and 128 valid questionnaires were confirmed after screening. When calculating the actual probability, each expert will take the average of the corresponding interval. After statistics and calculation, one of the conditional probability tables (for example, "man-over-water" in the node of operation and maintenance phase) is shown in Table 5 .
Risk Assessment
Since the risk assessment methods adopted in the four life-cycle phases are similar, this paper takes the planning phase as an example to assess the risk.
The base node probability of planning phase and the conditional probability 
Risk Assessment Results
Design a questionnaire survey of experts, research the causes of the accident. The assumptions made in this paper for a dynamic Bayesian network are established. Expert experience can make up for missing nodes to a certain degree, but only through expert surveys to determine the conditional probability will lead to the subjectivity of the entire Bayesian network. On this basis, the historical accident data is used to verify and optimize it, making the conditional probability more accurate.
Conclusions
Based on the analysis of the division and operation characteristics of offshore wind farms at all phases of construction and production, the paper investigates On the basis of risk identification and assessment, from the rationality and importance of site selection of offshore wind farm construction, operation qualification of construction (operation and maintenance), access conditions of ships (construction vessels, operation and maintenance vessels), personnel (constructors, operation and maintenance personnel), guidance and warning signs and the provision of safety supervision and other aspects of the requirements and recommendations for safety and security measures. We put forward requirements for emergency handling of wind turbine accidents, collisions, stranding, fire and explosion that may occur during the construction and production of offshore wind power.
After completion of this study, we can submit a complete offshore wind power development and production of maritime regulatory standards as well as offshore wind power production safety guidelines for the construction and assessment results. We can provide theoretical support for the construction of maritime wind power and production of maritime regulation and standardization of security.
